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This paper empirically investigates the effect of structural transformation on wage inequality in Asia, using industry-level data for three skill groups of workers. While structural transformation, associated with technological progress, productivity catching-up, and capital deepening, has contributed to Asia’s sustained growth, its effect on income inequality remains uncertain. Our results show that the process of economic transformation has exacerbated inequality in the region by increasing the relative share of high-skilled workers in total compensation. This is mainly due to a shift towards more productive – and more intensive in the use of skilled labour – activities both within and between industries. However, we also find that policy responses, especially investments in education, mitigate the increase in inequality. 
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Rapid globalization and diffusion of new technologies have brought about extensive structural transformation of economies across the world. While the structural changes improved productivity and bolstered economic growth, more of the gains have accrued to owners of capital rather than workers, and to skilled workers rather than unskilled workers, in both advanced and developing economies (ILO, 2014). Most Asian countries are clearly part of such global trends. Over the last decade, output growth in the region has exceeded employment, and productivity outgrew wages (especially outside China, ILO, 2012). 
Such trends are consistent with existing theoretical literature, which shows that productivity catch-up with advanced economies can result in higher inequality (Zhu and Trefler, 2005; Chusseau and Hellier, 2012). Several mechanisms, in particular technological upgrading and globalization, can explain this relationship. A close association between higher productivity and technical change  has significant implications for the demand and composition of domestic skills, which, in turn, affects wage inequality.
Within this context, it is worthwhile to analyse the experiences of some Asian countries since they have several unique features. While structural change facilitated catch-up with advanced economies and contributed to unprecedented improvement in living standards and poverty reduction, the impact on inequality remains uncertain. As pointed out by Zhuang et al. (2014: 3), the drivers of Asia’s catching-up and rapid growth, i.e. technological change, globalization and market-oriented reforms, also exacerbated inequality. However, many Asian economies still rely heavily on labour-absorbing manufacturing, in contrast to the ongoing process of “premature de-industrialization” in developing countries described by Rodrik (2015). McMillan et al. (2014) and Timmer et al. (2014) document that, unlike other developing regions, productivity growth in Asia has taken place largely within, rather than between, sectors, i.e. through more rapid efficiency gains in existing activities rather than as a shift of labour from low- to high- productivity sectors. This pattern is consistent with the “comparative advantage-following” argument recently put forth by proponents of the new structural economics approach (Lin, 2012). As a matter of fact, East Asian growth was characterized by labour-saving technological progress (World Bank, 1993) and high levels of investments in human and physical capital (Aizenman et al., 2012). 
In this paper we aim to uncover new evidence on the relationship between structural transformation, catching-up, and wage inequality in Asia. By doing so, we hope to contribute to the existing literature in different ways. First, we perform our empirical analysis at both the country- and the industry- level. Compared to studies that only look at the country level (e.g. Avalos and Savvides, 2006; Bigstein and Munshi, 2014), our analysis accounts also for heterogeneity across sectors. Furthermore, in contrast to previous industry-level studies, which are confined to a subset of high-technology industries within the manufacturing sector (Martorano and Sanfilippo, 2015), we extend the analysis to all the main industries of the economy, fully accounting for both the within- and between-sector dimensions of structural transformation.
Second, we use different variables to proxy structural transformation. While we account separately for the capital intensity of each sector, our key measures of structural transformation considers each industry’s productivity catch-up as well as the overlap between the sectorial structure of the economy and the benchmark of high-income OECD economies. This not only allows for looking at both within- and between-sector dimensions of structural transformation (Timmer et al., 2014), but it also provides a better sense of each country’s pattern of economic development and the extent to which catching up affects inequality. 
Lastly, we highlight the role of country-specific factors, including  education policies, in mitigating the negative effects of structural transformation on the wage gap between skilled and the unskilled workers. 
For our empirical analysis, we use data from the Social Economic Accounts (SEA) of the World Input Output Database (WIOD) project for five major Asian countries (China; India; Indonesia; South Korea and Taiwan) over the period 1995-2009. Our results show that the process of economic transformation has widened wage inequality by increasing the relative share of high-skilled workers in total labour compensation. This is mainly due to a shift towards more productive – and more intensive in the use of skilled labour – activities both within and between industries. This pattern is difficult to reverse since it is intrinsically linked to the process of economic development. However, selective policy interventions can partly offset the negative effect of economic upgrading and structural changes on wage inequality. A key policy lesson which emerges from the Asian experience is that policies to augment the supply of human capital and thus accommodate the rising demand for skilled labour can mitigate, directly and indirectly, the negative consequences of catching-up. 
The remainder of the paper is structured as follows. Section 2 reviews the literature on the determinants of wage inequality. Section 3 presents the data, model and methodology used for our empirical analysis.  Section 4 reports and discusses our results. Section 5 concludes.

2. Literature Review
There is a large literature on factors affecting the relative demand for skilled workers, and thus the distributional consequences for skilled versus unskilled workers, with an initial focus on advanced economies (Acemoglu, 1998; 2002; Wood, 1995; Card and di Nardo, 2002). More recently, a growing strand of literature has investigated the determinants of wage inequality in emerging and developing countries too. Pushed by productivity catch-up with more advanced economies and by structural transformation, sustained economic growth in many developing countries has generally resulted in rising inequality due the higher demand for skills (Berman and Machin, 2000; Chusseau and Hellier, 2012). 
What are the main mechanisms through which productivity growth and structural transformations cause higher levels of wage inequality? Technology is certainly a major channel. Higher productivity associated with technological change has obvious implications for the distribution of wages between skilled and unskilled workers. According to the Skill Biased Technological Change (SBTC) hypothesis, high technology-intensive activities employ relatively more skilled workers. Technological upgrading may result thus in a shift in the relative demand curve for skills, exacerbating wage inequality (Card and di Nardo, 2002). Shift of demand towards more skilled workers due to technological change is also evident in middle and low- income countries (Berman and Machin, 2000). For example, Hur et al. (2005) show that the technological upgrading in Korean industrial sectors increased the demand for skills in the second half of the 1990s. Liu et al. (2013) report that the introduction of new technologies increased wage levels in Taiwanese industry. Similarly, Berman et al. (2005) show that the increase in the demand for skilled labour in India since the 1990s was mainly driven by skill-biased technological change. 

Significantly, Berman and Machin (2000) point out that the fact that such shifts are mainly driven by the within industry component is itself a prerequisite to the SBTC hypothesis, and highlights the case of Korea as a clear example. Using household level data, Kijama (2006) finds that the increase in the skill premium in post-reform India can be largely explained by a robust increase in the demand of skills (tertiary-educated workers) due to within-industry SBTC. 
A shift toward higher productivity activities affects income distribution between capital and labour, reducing the relative share of the latter. The SBTC hypothesis posits that high complementarity between capital and skills will further raise the demand for skilled workers and their relative wages. Looking at Chilean firms, Pavnick (2003) finds that capital deepening raises the relative demand for skilled workers. Studies on Asian countries yield similar findings. Ramaswamy (2008), for instance, shows that changes in capital-output ratio increased wage inequality in the Indian manufacturing sector in 1981-2004. 
In general, developing countries import technology and technological change. As such, a number of studies (Goldberg et al., 2010; Vivarelli, 2012; Mitra and Jha, 2015; Charfeddine and Mrabet, 2015) evokes globalization, and the associated transfer of technologies through trade and FDI, as the leading causes of wage inequalities (Wood, 1995; Robbins, 2003). However, this argument has been widely debated at both the theoretical and the empirical levels (see Kurokawa, 2014, for a review). The Stolper-Samuelson corollary of the Heckscher-Ohlin theory of trade points out that opening up to foreign trade will equalise the remuneration of factors of production across countries, leading to an increase in the demand (and so the wages) for unskilled labour in developing countries (Wood, 1995). There are indeed a number of studies (Attanasio et al., 2004; Avalos and Savvides, 2006; Mamoom and Murshed, 2012) which provide empirical support for the Stolper-Samuelson hypothesis.
However, more recent evidence seems to suggest the opposite (Meschi et al., 2011; Charfeddin and Mrabet, 2015). This group of studies also shows that the effect of trade on wage inequality in developing countries is magnified when the trade partner is an advanced economy (Meschi and Vivarelli, 2009). Influential contributions include Feenstra and Hanson (1997) and Zhu and Trefler (2005). Both papers theoretically and empirically show that greater openness results in a shift of relatively less skilled production from the North to the South. However, such production is more skill intensive in the South.  
Meschi and Vivarelli (2009) suggests that  complementarity between SBTC and openness is realistic if assumptions of homogeneous production functions and identical technologies between countries are relaxed. In that case, greater openness will induce SBTC due to greater transfer of technologies from advanced to developing countries. For instance, Lee and Wie (2015) show that in Indonesia the adoption of advanced technology introduced through imports and foreign direct investment shifted labour demand in favour of skilled workers, increasing wage inequality since 2000.  Vivarelli (2012) explains that this process is more likely to occur for middle- rather than low-income countries, considering the different levels of absorptive capacities. Interestingly, Zhu and Trefler (2005) show that the faster a country catches up, the worse the wage inequality, due to a more rapid shift towards skill intensive production transferred from the North.
To conclude this short review, it is worth mentioning a recent contribution by Buera et al. (2015) emphasizing the compositional effects of structural change. Supported by long run evidence from a group of advanced economies, the authors show that structural change will inevitably reallocate resources towards more skill-intensive industries, thus widening the wage gap between skilled and unskilled workers. According to the authors, such resource reallocation is an inevitable consequence of economic development and, interestingly, will push up the skill premium even in the absence of technological change. 

3. Data and empirical framework
	In this section, we describe the data, model and methodology used in our empirical analysis. 

3.1. Data and main indicators
Our data come from the Socio-Economic Accounts (SEA) of the WIOD project​[1]​ (Timmer et al., 2015), which provides information on employment, wages, capital and output at the industry level for 40 countries over the period 1995-2009. Data on the number of hours worked and their relative compensations, originally sourced from national labour force surveys and censuses, are reported by skills (low; medium and high), defined according to the International Standard Classification of Education (ISCED)​[2]​. 
Five Asian countries are available from the original dataset​[3]​. They include two high-income Newly Industrialized Economies (NIEs) (Korea and Taiwan), a large, middle-income ASEAN economy (Indonesia), and China and India, two fast-growing giants. Industries cover the three main sectors of the economy, primary, manufacturing and services, and are generally reported – unless where some re-aggregation was necessary – at the 2-digit code of the ISIC classification, revision 3 (see Table A1 in the appendix for a list of the industries included)​[4]​. 

3.1.1. Wage gap




where i, j and t identify country, industry and year, respectively. 




India and Indonesia have the highest levels of wage inequality. Interestingly, Indonesian wage inequality has remained stable. This seems supported by complementary evidence on the country’s overall inequality levels (di Gropiello and Sakellariou, 2010). A possible explanation is that the Asian crisis affected urban wages more than rural wages (Jomo, 2006). On the other hand, East Asian countries, which enjoyed some positive spillover effects of rapid growth on income distribution during the years of the East Asian Miracle (World Bank, 1993), have somewhat better levels of inequality. 








where j identifies the industry, while emp represents the share of industry j employment in total employment.  







In the absence of detailed information on technology adoption by industry, we try to capture the technological dimension by combining information about changes in within sector productivity and the distribution of value added between sectors, i.e. looking at the pattern of structural transformation over time. 












3.2. Model and empirical specification
Having introduced the main variables of interest, this section spells out our empirical specification in more detail.  
Our baseline specification formally links the wage gap (wage_gap), as defined in (1), with productivity catch up (catch_upoecd), as defined in (5). As discussed, productivity growth may affect wage inequality through a number of mechanisms, especially technology diffusion and capital deepening. To rule out the effect of capital deepening, and isolate the technological change component, we control specifically for the capital intensity of each industry, measured as the ratio of the compensations of capital and labour (kl). In addition, to account for the relative size of each industry in the economy, and its influence on the wage distribution, we control for the share of each industry in total employment (emp_share). 




Overall, we expect productivity catch-up, capital intensity, and similarity index to worsen the wage gap, in light of their effect on the skill bias of technological change, complementarity between capital and skilled workers, and shift of production towards high-skill activities.  This is what we consistently observe in the recent growth pattern of  advanced economies. However, technological change via productivity growth and capital deepening might not necessarily be labour biased, but labour saving (Vivarelli, 2012; Lawrence, 2015), depending on the characteristics of the countries and industries. 
We also include some additional controls that can have short-run effects on wage inequality. We first control for the level of per capita GDP (gdp_pc) in order to account for the different income levels of the five countries. Income differences may matter since wage inequality tends to rise with higher levels of economic development. Second, we account for the supply side, which is central in the SBTC hypothesis. An increase in the supply of skilled labour force will, in fact, result in lower skill premia in view of the so-called substitution effect, at least in the short run (Acemoglu, 2002). More specifically, we introduce a variable (edu) that account for the relative supply of highly skilled workers, which is measured as the ratio of working age population with secondary and tertiary education to working age population with primary or no education. 




All variables expressed in monetary values, such as value added and wages, have been deflated using their respective price index (available from the SEA database) and reported in common currency using the same exchange rate adopted to make I/O tables consistent across the different countries covered by the WIOD (see Timmer et al., 2015). All variables are transformed in natural logarithms. Summary statistics of the variables are reported in Table A2 in the appendix.

3.3. Methodology	
Our empirical specification described in (7) presents a number of potential biases. The inclusion of a lagged dependent variable among the covariates forces us to correct for autocorrelation in the error term. Another relevant issue is endogeneity. This has to do with the presence of the lagged dependent variable, as well as  other covariates. More specifically, an omitted variable bias can affect our estimates due to, for instance, the inability of our measures of structural transformation to adequately capture technological change. This would affect both catch-up and inequality, and cause potential endogeneity of the former variable (Zhu and Trefler, 2005). 
We therefore employ estimators based on the Generalized Method of Moments (GMM). The first is the “Difference GMM”, proposed by Arellano and Bond (1991). This estimator transforms the original equation into first differences and endogenous variables are instrumented using lags of their own levels. Exogenous regressors are included in the instrument matrix in first differences. The second method is the “System GMM” estimator proposed by Blundell and Bond (1998), which uses the lagged differences in order to instrument the level equation. This method improves the efficiency of the estimation and allows the introduction of additional instruments. 
We treat the catch up, the capital to employment ratio, and the employment share as endogenous, using their first three lags as instruments. The lagged dependent variable is considered endogenous as well and, due to the failure of the Arellano – Bond test to detect autocorrelation up to order 5, we use its sixth lag and beyond as instruments. 
4. Empirical Results
In this section, we report and discuss our empirical results. Table 2 reports our regression results based on different econometric techniques, including OLS, Fixed effects (FE) and difference- and system-GMM. The lagged coefficient of the dependent variable is always positive and statistically significant. This provides strong evidence on path-dependent pattern of the dependent variable, which is consistent with previous studies based on aggregate data of developing countries (Meschi and Vivarelli, 2009). The size of the coefficient of the lagged dependent variable generated by the System GMM estimator falls between the higher bound of the OLS (Column 1) and the lower bound of the Fixed Effects (Column 2) model, as expected. Also, the AR and the Hansen tests provide evidence on the correct specification of the model. Considering the superior performance of the system-GMM compared to the others, for the rest of this section we will base our discussion on columns 4-6.
The catching up coefficient is positive and statistically significant in all  specifications. According to our preferred specification, closing the productivity gap by 10% raises the wage gap by about 2%.  This result is coherent with existing literature, assuming that productivity catch-up with advanced economies increases the demand for skills and widens wage inequality (Zhu and Trefler, 2005; Chusseau and Hellier, 2012). While there are several potential explanations, our evidence suggests that within-industry technological upgrading needs to be accounted as a key factor in our Asian sample. Significantly, our evidence indicates that this happens through productivity gains, which is relevant in light of the fact that most of structural change in the region is driven by increases in within-industry productivity (Timmer et al., 2014; McMillan et al., 2014), and many countries and industries are still far from the productivity frontier.
The previous finding is reinforced by the evidence on the positive and significant effect of capital intensity on inequality. The result supports complementarity between capital and skilled labour. Asian economies are not an exception to the rule since the growing intensification of capital in production during the last decades has favoured skilled over unskilled workers, pushing wage inequality up (ILO, 2014). In contrast, the relative size of industry is not significant, though the coefficient is still positive. This is not entirely surprising considering the context of our analysis, since over their development patterns many Asian countries have been able to keep their comparative advantage in some traditional labour intensive industries, while simultaneously upgrading into more technology and capital intensive ones (Lin, 2012). 




Per capita GDP (gdp_pc) is positive and significant. Differences in the level of income matter since wage inequality tends to rise with higher levels of economic development. In particular, the pathway towards economic growth and structural transformation can affect the wage distribution by increasing the relative share of high-skilled workers in total labour compensation, which in turn tends to increase wage inequality.
In addition, Table 2 shows that the supply of highly skilled workers, measured as the ratio of working age population with secondary and tertiary education to working age population with primary and no education, is negatively correlated to wage inequality. This result confirms one of the central arguments of the SBTC hypothesis, i.e. that there is an inverse relation between the wage gap and the relative supply of skilled labour (the so-called quantity effect, see Acemoglu, 2002). As a result, the increase in the supply of skilled workers is expected to reduce the wage premium, in the absence of technological change. 
However, whether education policies have a direct effect on wage inequality during periods of structural transformation remains to be seen. To check how education policies in Asia have responded to changes in the demand for skills due to structural transformation, we introduce an interaction term between the catch-up and education coefficients (catch_up*edu). The result, reported in column 6 of Table 2, shows that the interaction term is negative and significant, meaning that a greater supply of workers with higher education can indeed mitigate the widening of the skill premium caused by productivity catch-up. This is consistent with theory and evidence from other countries (reported in Acemoglu, 2002), as well as the experience of some early members of the East Asian Miracle. For example, in South Korea education policies matched and indeed contributed to the evolution of economic structure over time. 
Finally, in order to check the robustness of our results, we employed alternative measures of the dependent variables and found that most of the results are qualitatively similar to the baseline results regardless of whether the wage gap is calculated as the ratio of high to low-skilled workers or as the ratio of high to medium-skilled workers (Tables B1-B2 in the online Appendix). 

5. Conclusions 
Asia has grown visibly faster than other parts of the world during the past few decades. While extensive structural transformation, associated with technological progress, productivity growth, and capital deepening, contributed to Asia’s sustained rapid growth, it may have exacerbated income inequality. This issue is of great interest for the region, where more inclusive growth has emerged as a top strategic priority in light of widening inequality. The central objective of this paper is to empirically investigate the effect of structural change on inequality in Asian countries. To do so, we used data for different industries and skill groups of workers for five major Asian economies from 1995 to 2009. 
Our results suggest that the process of structural change and catch-up with advanced economies has indeed worsened wage inequality in Asian countries. Our evidence further confirms that high-skilled workers have benefited disproportionately from structural transformation. In line with theory and existing evidence, our findings lend empirical support to the skill bias of technological change, and complementarity between capital and skilled workers, in Asian countries.  Therefore, while structural change is vital for Asia’s economic dynamism and growth, it may have contributed to inequality in the region.
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Figures
Figure 1. Average levels of wage gap in Asian countries, 1995-2009

Source: Authors’ elaboration on SEA database
Note: the wage gap reported in this graph is constructed as the simple average of each industry’s wage gaps. More details are provided in Section 3.1.1.

Figure 2. Changes in productivity level between 1995 (x-axis) and 2009 (y-axis)

Source: author`s elaboration on SEA database
Note: Each dot represents one of the industries included in the SEA database (see Table A1)


Figure 3. Changes in productivity catch-up with OECD in China (panel a) and India (panel b) between 1995 (x-axis) and 2009 (y-axis)
	
Source: Author’s elaboration on SEA data















Source: authors’ elaboration on SEA data
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Source: Author’s elaboration on SEA data
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^1	  Available at: http://www.wiod.org/new_site/home.htm
^2	  Though to the best of our knowledge the data are probably more comprehensive sources comparing countries across sectors in such a consistent way, some bias must be taken into account due, for instance, to the lack of reliable information on informal and self-employed workers, whose role might be substantial in some emerging economies such as India. For more information on the way these workers were covered by the data, see the country notes reported in the background paper by Erumban et al. (2012)
^3	  While Japan is also included in SEA, we exclude it from our analysis considering its stable presence in the group of high-income OECD countries as well a less recent process of structural transformation. 
^4	  Non-market service industries (from L to P in Table A1) were dropped from the sample due to their potential role of outliers in countries highly exposed to market forces and international integration.
^5	  Countries included are: Australia, Austria, Belgium, Canada, Denmark, Finland, France, Germany, Greece, Ireland, Italy, Japan, the Netherlands, Portugal, Spain, Sweden, UK and USA.
